The rapid adoption of Internet of Things (IoT) has encouraged the integration of new connected devices such as Unmanned Aerial Vehicles (UAVs) to the ubiquitous network. UAVs promise a pragmatic solution to the limitations of existing terrestrial IoT infrastructure as well as bring new means of delivering IoT services through a wide range of applications. Owning to their potential, UAVs are expected to soon dominate the low-altitude airspace over populated cities. This introduces new research challenges such as the safe management of UAVs operation under high traffic demands. This paper proposes a novel way of structuring the uncontrolled, low-altitude airspace, with the aim of addressing the complex problem of UAV traffic management at an abstract level. The work, hence, introduces a model of the airspace as a weighted multilayer network of nodes and airways and presents a set of experimental simulation results using three UAV traffic management heuristics.
As research and industry continue to find more uses for UAVs [14] , it is reasonable to envision a near future where heterogeneous swarms of UAVs would dominate the low-altitude airspace, operating beyond direct line of sight, hence, making their safe operation and management a critical research challenge. One viable solution is a dedicated UAV Traffic Management (UTM) system [15] , an infrastructure building upon IoT concepts, such as its layered design, to complement conventional Air Traffic Management (ATM) by facilitating data exchange between UAVs as well as different stakeholders, as illustrated in Figure 2 . However, in comparison to Air Traffic Management (ATM), UAV Traffic Management (UTM) introduces new research challenges with UAVs' higher degree of mobility and energy limitations. Recently becoming an important research topic, with the expected large airspace traffic demand, dynamic geo-fencing and intrusion detection requirements, the currently under-development constructs, like NASA UTM [16] and EU U-Space [17] to name a few, will eventually face limitations in scalability and resilience due to their ATM-comparable centralised architecture. On the contrary, a distributed UTM relying on local decisions and ad-hoc UAV-to-UAV and UAV-to-infrastructure communications would reduce latency by allowing UAVs to exchange the more frequent awareness messages directly as explained in Reference [15] , utilising paradigms such as multi-access edge computing [18] . Hence, achieving scalability and better resilience [19] .
A mandatory first step towards a distributed UTM is to design and model the low-altitude airspace as its structure will have a significant role in air traffic management. This is emphasised in Referebces [20, 21] where authors investigate the impact of the airspace structure and capacity for traffic densities. This work builds on the foundations laid in our previous work [22] where we addressed the aforementioned, complex problem of UAV traffic management at an abstract level by proposing a structure for the uncontrolled low-altitude airspace; presented as a weighted multilayer network of nodes and airways. The main contribution of this paper, therefore is extending [22] by: The remainder of this work is structured as follows. Section 2 discusses the state of the art on multilayer networks, UAV traffic management and distributed path planning. Section 3 describes the proposed multilayer low-altitude airspace model followed by a corresponding optimisation problem and resolution approaches in Section 4. Section 5 explains our experimental setup and results analysis. Finally, Section 6 concludes the work and presents future research directions.
State of the Art
This section first presents the related work in multilayer networks as the groundwork on which our model is based, followed by a discussion on recent UTM developments and autonomous robot path planning. At the end of each subsection we emphasise our contributions to the literature.
Multilayer Networks
One particularly useful way to study complex systems is by analysing the networks that encode the interactions among the system's elements. However the complexity of some real systems is such that it is not possible to study them as single layer networks. To account for this complexity, a more general framework, known as multilayer networks is considered. Over the recent years, research in physics and computer science developed different notions and models for complex networks referred to as networks of networks [23] , multilayer social networks [24] and interconnected networks [25] to name a few. Literature provides many applications for such systems in ecology [26] , biology [27] , economic applications [28] and game theory [29] but what interests us most are those addressing transportation [30] .
Transportation systems are one distinct example of systems where the multilayer formulation arises in a natural way [30] as there can be multiple modes of transport between given locations. This can be represented as a multilayer network where each layer is a representation of one mode of transportation forming an already complex network. Different segments, later referred to as paths, can have very different properties such as allowable velocity, energy consumption or traffic capacity and it is thus necessary to distinguish each of them when studying the whole system [30] . A similar multilayer representation is used in aerial transportation systems such as in Reference [31] where the authors built the European air transport multilayer network having each network layer represent an airline. Similarly, References [32] [33] [34] analyse, respectively, the Greek and Chinese airline transportation networks using the same aforementioned framework.
Our main contribution is expanding a similar methodology to represent the structure of the low-altitude airspace-Class G-as a multilayer network which, to the best of our knowledge, has never been proposed in the air traffic management literature.
UAV Traffic Management
With the evolution of wireless sensor networks and the potential uses of IoT-enabled UAVs as smart terminal devices in a magnitude of applications, it is important to acknowledge and address the legitimate challenges of privacy, airspace management and safety, that will accompany their integration into Class G airspace over cities [14] .
In order to address such pressing issues, Standard Development Organisations (SDOs) and other regulatory bodies have recently established working groups to lay down the foundations to accelerate the development of a new dedicated infrastructure for UAV management [35] . Starting with operator control, vehicle identification and control and, finally, traffic flow control, the envisioned infrastructure should allow seamless integration of heterogeneous systems and facilitate the data exchange between various stakeholders. Conflict detection and resolution, localisation & tracking and scheduling are some among many of the key function a UTM must offer.
From vehicle identification and control, conflict detection and resolution, localisation and tracking to scheduling, the envisioned infrastructure should allow seamless integration of heterogeneous systems and facilitate data exchange between various stakeholders. Supported by the foundations being laid down by Standard Development Organisations (SDOs) recently established working groups [35] , research institutes and companies have recently proposed multiple UTM projects. Spearheaded by NASA Ames Research Centre in close collaboration with the Federal Aviation Administration (FAA) and over 125 industry partners [16] , literature provides some constructs and architectures as part of on-going projects. Some of the most notable government led initiatives include U-Space project by the European Commission lead by the European Aviation Safety Agency (EASA) [17] , China's Civil UAS Operation Management System (UOMS) [36] the Japanese UTM [37] in collaboration with the private sector. Additionally, over the recent few years, multiple platforms were proposed by commercial industry. Deployed in over 9 countries across Europe, Asia and the United States of America, one platform that stands out is AirMap's UAS Traffic Management [38] , building on their widely adopted ATM platform. AirMap facilitates the collaboration between flight operators, industry, governments, 7 Standard Development Organisations (SDOs), 4 regulatory bodies including EASA and FAA. The interested reader can find an exhaustive list of commercial concept architectures and constructs in Reference [39] and a regularly updated map of international UTM implementations and test sites in Reference [40] .
While the proposed systems offer a viable solution, such centralised systems will not be able to cope with the highly dynamic nature of the UAV traffic networks, let alone the dynamic geo-fencing, intrusion detection and communication challenges. To this extent, we envision a distributed UTM where UAVs dynamically plan their paths based on local information and decisions while optimising ad-hoc communications. This in turn would allow better scalability and resilience of the system [15, 19] .
Distributed Path Planning
In all the aforementioned promising applications, in order for UAVs or any other autonomous mobile robots, to perform their tasks, efficient and collision-free path planning becomes a necessity. Path planning for robotic applications is a research topic that has been actively studied over many years. However, literature have mainly focused on 2-dimensional (2D) and 2.5-dimensional (2.5D) methods [41] , while approaches for UAVs, underwater vehicles and other highly mobile autonomous robots requiring 3-dimensional (3D) path planning, remain less explored.
Commonly used UAVs can be categorised as non-holonomic mobile robots [42] as the degree of their controllable actuators is less than their degree of freedom in the space which they operate; therefore, path planning optimisation adds further complexity in comparison to holonomic systems. In order to address such challenges, researchers divide path planning into two main subsystems; a global path planning subsystem complemented by a lower level addressing collision avoidance. The latter being out of the scope of this work, the interested reader can find various approaches and algorithms in Reference [43] .
With focus on global path planning of UAVs, Yang et al. in Reference [44] provide a thorough survey of successful UAV 3D path planning algorithms found in literature. Additionally, the authors analyse and categorise the algorithms into sampling-based, mathematical model based, node-based and bio-inspired algorithms; out of which, we pay particular attention to the latter two, provided our proposed model of Class G. In addition to the well-known Dijkstra and A* algorithms, Likhachev et al. in Reference [45] propose an anytime heuristic search algorithm that improves on classical A* by ensuring that a robot has at least a sub-optimal path at any given time. The authors then develop further on this and propose [46] , a heuristic-based re-planning method (AD*) relying on an anytime dynamic A* algorithm to continuously improve its solution within a predefined time frame as well as allow for re-computation of the path when information is updated. Another approach is the Lazy Theta*, proposed in Reference [47] , building on the Theta* algorithm, this search method is not constrained to the topology of first hop neighbours in a multilayer network, in turn offers an improvement to classical A*. While this category of algorithms can find optimal paths through decomposing networks, they are not ideally suited for complex environments; hence, researchers rely on bio-inspired algorithms. From Particle Swarm Optimisation, Genetic Algorithm, Artificial Bee Colony and Bacterial Foraging Optimisation, to list a few, literature provides many bio-inspired optimisation algorithms for 3D path planning [41] .
In contrast with the majority of the aforementioned heuristics, our algorithm should not only focus on optimising distance and time but should be able to optimise travel time while taking into consideration energy limitations, inspired by energy-aware routing in wireless sensors networks [48] . Therefore, we rely on our previous work in Reference [49] and on the work presented in Reference [50] on Inverted ACO for vehicle traffic management, to adopt a pheromone guided greedy heuristic in order to evaluate UAV traffic behaviour in the proposed model.
Multilayer UTM Model
This section encompasses our main contributions. We firstly describe the airspace model including key terminology, followed by a formal description of the network model and an illustrative operational example.
Class G Airspace Multilayer Model
The International Civil Aviation Organisation (ICAO) [51] divides the world's navigable airspace into seven, three dimensional segments, represented by the first seven letters from the ISO basic Latin alphabet. All segments are controlled and regulated by Air Traffic Controllers (ATCs) except for the lower-most one, known as Class G. The latter ranges from 0 to 700 ft above ground level and remains uncontrolled [52] except in the proximity of published airports.
In our proposed model, illustrated in Figure 3 , we further divide the Class G airspace into horizontal segments, referred to as layers, at different operational altitudes with separation allowing safe UAV flight. This extends a variation of the hemispheric rule [51] to Class G, where the separation between layers is guided by the Containment Limit (CL) of the largest UAV allowed in Class G. The CL of an aircraft is explained by ICAO as the volume with a 95% probability the aircraft is within, at any time of its stated position, both horizontally and vertically [53] . This can be derived from the Total System Error (TSE), illustrated in Figure 4 . The TSE is the difference between the true position and the position on the desired/assigned flight paths of a UAV. It is the vector sum of the Navigation System Error, the Flight Technical Error and Path Definition error. The TSE defines the accuracy of a navigation system.
Following the approach explained in Reference [54] , a city's elevation map can be discretised using a topological analysis into a data-set of static-obstacle-free points within the different layers. This is key for structured airspace design and path planning. The level of detail of the discretised airspace is defined by the volume representing the UAV (alpha shape) as explained in Reference [55] . The resulting volume of obstacle-free space is referred to as the airspace which is the shared resource that is utilised by the UAVs. The latter comprises of Airways and Nodes, airways being corridors connecting nodes within a layer (horizontal) or between layers (vertical or diagonal). Airways allow UAVs to fly without direct communication with the UTM, guided only by the rules of the airway (velocity limits, flight headings and maximum traffic capacity) and information exchanged between UAVs through ad-hoc communication. Airways' cross-sectional size is defined by the UAVs' CL, while their lengths is defined by the segment's static-obstacle-free space as well as airway-intersections, referred to as nodes (cf. Figure 5 ). Within nodes, UAVs are allowed to change their Flight Mode. In our model, three main flight modes are considered, lateral flight, vertical flight and hovering for multirotor UAVs. We finally define a Path as a complete route from origin to destination, through different nodes and airways. Additionally, in our model, the different airspace layers allow different velocity ranges, that increase with altitude. This is supported by the argument that higher altitudes contain less static obstacles [54] and hence, longer airways are possible. UAVs rely on ad-hoc communication to exchange dynamic traffic information such as their flight velocities and airway traffic density. This in turn reduces latency and allows UAVs to make local routing decisions through the airspace eliminating the need for continuous direct communication with a centralised UTM [15] . 
Length of Airway

Multilayer Network Model
We propose to model of the Class G airspace as a multi-weighted multilayer network, M ClassG , where:
The airspace contains a non-empty set of layers N, each layer being represented as a graph of nodes and airways G M = (V M , A M ). Nodes can belong to one or more layers.
Each edge, that is, airway, is assigned three different weights defining travel time, energy cost and traffic capacity respectively: a M = (u, v, α, t, e, c) with u, v ∈ V M , α ∈ N and t, e, c ∈ W E , a non-empty set of weights at event step, E. The set of edges is composed of intra-layer edges, that is, airways within one layer (A α ) and inter-layer edges, that is, airways connecting layers (A α,β ), with α, β ∈ N.
non-empty set of nodes on layer β.
Based on the definition in Reference [56] each layer is considered an incremental network where link weights are dynamic, that is, the structure of the network remains as is but the weights vary over time.
UAV Communication
According to IEEE's technical committee on networked robots [57] , a wireless networked robot system (WNR) is a subset of wireless sensor and actuator networks (WSANs). Such a system can be identified by two elements: (a) autonomous capabilities and (b) network-based cooperation. The first refers to the necessity, for a robot, to autonomously move and interact with the physical environment; while the second refers to its capability of communicating with others using radio technology. Over the recent years, the interaction between IoT and flying ad-hoc networks (FANETs) has become an important topic of research [58, 59] . The interested reader can find a detailed analysis of such communication protocols in References [60] [61] [62] . Due to the high mobility of UAVs in flight, at this stage of work, we consider UAVs to communicate together (UAV-to-UAV) and to the infrastructure (UAV-to-Infrastructure) in an ad-hoc manner, similar to the communication model proposed in References [62, 63] . A simplified view of the different types of communicated messages is presented in Figure 6 based on Reference [15] . In the same article, the authors firstly categorise the types of communicated messages based on their repetition rate and size then compare the communication performance of a centralised and a distributed UTM in a conflict resolution scenario. Here each UAV is a flying node in FANET with some acting as gateways, as illustrated in Figure 1 , to relay communicated information as explained in Reference [64] . UAVs exchange information using standard IoT communication protocols [62, 64] at predefined time intervals, similar to automatic dependent surveillance-broadcasts and at node locations within the network. The broadcast is composed of the UAVs' identification, lateral flight velocity, location and timestamp. With reference to Figure 6 above, in our envisioned UTM, UAVs rely on communicated awareness messages to locally evaluate traffic conditions in airways and make routing decisions.
Operational Example
To consolidate the model's description, this subsection narrates one operational example relying on the proposed multilayer model of the Class G airspace. However, our proposed model can lend itself to multiple other scenarios.
Considering two groups of IoT-enabled UAVs, the first one is on a routine surveillance mission such as the crowd-surveillance use-case discussed in Reference [58] , while the second group consists of emergency intervention UAVs such as medical rescue UAVs. Both groups, equipped with different sensory payload, entering the airspace have different mission priorities and incentives to get to their destination. UAVs enter airways through different nodes and traverse from origin to destination along paths at different layers. Each altitude segment, referred to as layer, allows different velocity ranges that increase at higher altitude layers. We assume that higher altitudes offer shorter travel times at the cost of higher energy consumption.
As each UAV traverses the network, it communicates and exchanges information with other UAVs in an ad-hoc manner using standard IoT communication protocols at predefined time intervals. Based on the exchanged traffic parameters information and rules such as critical traffic density and minimum flight velocities, UAVs make local routing decisions to switch between airways, airspace layers and flight modes according to their respective objectives of minimising time of flight or energy consumption.
UAV Traffic Optimisation
Given the size of the airspace, the corresponding multilayer network might become large, making path selection NP-complete [65] . This section presents the second contribution of this work, that is the path optimisation problem formulation followed by a first approach to optimise travel time and energy separately in our model of the Class G airspace.
Energy-Aware Path Optimisation
We formulate the problem of minimising the total travel time and energy consumption of UAV traffic in the network. Based on our multilayer network description, the two objective functions we aim to optimise are expressed as:
e l , t l , c l ∈ N, l = 1, . . . , L,
where:
P-objective function (energy consumed), T-objective function (time elapsed), I-number of UAVs, i-index for UAVs, L-number of airways, l-index for airways, a-selection indicator for airways/UAVs (∈ 0, 1), e-energy consumption component for airways, t-time elapse component for airways, c-traffic capacity for airways, c max -maximum traffic capacity for airways.
In our proposed model, each airway in a path has a critical traffic capacity of UAVs that it can traverse; in addition to an allowable maximum velocity which is expressed in terms of time t and energy e. Therefore, for a number of UAVs I over a complete path our first utility function (1) addresses our first objective, minimising the total energy consumption. While (2) addresses our second objective which is minimising the total travel time.
Optimisation Approach
This subsection introduces the three heuristics used in our experiments. The first one is a static path planning approach; the second is a probabilistic heuristic addressing the dynamic nature of our proposed model assuming global knowledge of the traffic conditions in the network; while the third is a pheromone guided greedy heuristic relying on local knowledge of traffic conditions. All heuristics are single objective, thus optimising either time or energy.
Global Offline Static-UTM (GOS)
To address the static nature of the network, at the beginning, UAVs follow a pre-computed shortest path from origin to destination. This shortest path is calculated with the A* algorithm [66] using a the respective network weights t or e, depending on the minimisation objective of each UAV and a heuristic that takes into account the Euclidean distance between network nodes, assuming optimal traffic conditions, no congestion and that UAVs can traverse the network at the maximum allowable speed of the layer. UAVs follow their given path (A*_shortest_path) and update the weights t, e, c of the respective airway l as long as the traffic capacity on the airway, c l < c max l (c.f. lines 1-4 in Heuristic 1). Once maximum capacity is reached, UAVs queue at the airway entrance node, until the condition c l < c max l is satisfied (c.f. line 5 in Heuristic 1). 
Global Probabilistic Dynamic-UTM (GPD)
Assuming global knowledge of network weights, firstly, UAVs follow the shortest path initially computed by A* algorithm (c.f. lines 8-11 in Heuristic 2); however, on the contrary to GOS, when they encounter congestion on one airway, that is, when the maximum capacity of this airway is reached: c l = c max l , each UAV takes a probabilistic decision p reroute of either hovering in queue at the current node or to take an alternative shortest path computed with the same A* algorithm as in GOS on the multilayer network with updated t, e, c weights (c.f. lines 12-16 in Heuristic 2). 
Local Pheromone Guided-UTM (LPG)
Relying on UAVs local knowledge of traffic condition, UAVs start by following the offline generated shortest path (A*_shortest_path) similar to in GOS and GPD, until the traffic on the next airway is superior to a predefined threshold defined by T lim , that is, when c l = T lim where T lim < c max l (c.f. lines 19-22 in Heuristic 3). In reality, T lim would correspond to the critical traffic density explained in traffic theory as the capacity after which traffic flow becomes congested. At that stage each UAV lays down a pheromone trail τ, where τ l = 1/c max l of airway l. The deposited trail of pheromone acts as a repellent to other UAVs, hence making the airway less desirable to take. In our model, intersecting nodes act as decision points at which the following UAVs receive the updated pheromone level and use the commonly used state transition rule introduced by Dorigo et al. in Reference [67] to decide which airway to select. This can be expressed as a function of the pheromone on the airway in addition to the quality of the airway: p i l = f (τ l , η l ), where p i l is the probabilistic transition rule for UAV i to take airway l with quality η l represented by t/c max l or e/c max l depending on the optimisation objective of the UAV. UAVs then take a decision of either staying on the same path or selecting a new airway. If the latter, UAVs recompute a path to destination, from the newly selected airway, using A* on the multilayer network with initial weights, assuming optimal traffic conditions (c.f. 
Simulation and Results
This section outlines our experimental setup and discusses the preliminary results obtained using the aforementioned three UAV traffic management heuristics.
Experimental Setup
Experiments are conducted on a three layer network based on the Erdős -Rényi model using Python's NetworkX library and the multiNetX package. Each layer contains the same number of nodes and each airway (intra and inter network) is assigned three weights, t, e and c, uniformly at random in predefined intervals. Figure 7 presents an example of a three layer network with 75 nodes (25 nodes per layer) and its adjacency matrix. The parameters used for the experiments are described in Table 1 . A single network with a total of 300 nodes and 3 layers (100 nodes per layer) has been used. Between every pair of nodes, there is a 20% probability an edge is created. The ranges of the three airway weights (time, energy and capacity) were selected to ensure that the lowest network layer allows less energy consumption by permitting UAVs to fly at their optimum or near optimum lateral velocity-the velocity at which a UAV is most energy efficient benefiting from transitional lift; while the higher layers allow incremental increase in flight velocity, hence reduce travel time at the cost of a higher energy consumption. Additionally, UAVs hovering in queuing state consume more energy than those in lateral flight. This is supported by the general power consumption model explained in Reference [68] . The selected capacity ranges also ensure that congestion can occur at different network layers for the tested UAV traffic values. Five traffic sample sizes were generated ranging from 10 to 500 UAVs (for experiment 1 and 2) and up to 1500 UAVs for experiment 3. All UAVs are assigned a pair of origin and destination nodes, both located on the lowest layer. All pairs are similar for experiment 1 and 2 while they differ in experiment 3. Each UAV keeps record of its current position, destination as well as its total travel time and energy consumption. Simulations were run 30 times for probabilistic heuristics. [15, 20] Intralayer energy weight intervals [5, 10] , [15, 20] , [25, 30] Interlayer time weight interval [1, 5] Intralayer time weight intervals [25, 30] , [15, 20] Three main experiments are conducted. The first two aim to evaluate heuristics LPG and GPD respectively. For all three experiments we compare total UAVs' travel time in the network-in arbitrary time units, total UAVs' energy consumption-in arbitrary energy units, as well as the number of path changes, network layer change and total UAVs' queuing counts.
The first experiment aims to investigate the effect of varying the decision probability p reroute of GPD on its performance. With all UAVs having the same origin and destination pairs for all 5 traffic samples, the decision probability p reroute is varied between 50%, 80% and 100% (c.f. Table 1) , firstly with all UAVs having the same minimisation objective (i.e., time) and in a second stage with each UAV assigned either time or energy as objective.
The second experiment aims to study the effect of varying the traffic threshold T lim of LPG, which in turn varies the point at which UAVs start depositing pheromones on the network airways. Ensuring all UAVs have the same origin and destination pairs for all 5 traffic samples, T lim is varied between 0%, 50% and 80% on traffic samples with mixed minimisation objectives.
Finally, the main objective of the last experiment is to study the performance of the three heuristics (GOS, GPD, LPG) in a more realistic scenario. Each UAV is given a different pair of origin and destination and a minimisation objective (energy (1) or time (2)). The origin and destination pairs are all on the lowest layer and are more than two hops apart. The network and traffic sample size allow that airways might be shared by UAVs, hence ensuring that congestion can occur. The traffic threshold T lim value of LPG and decision probability p reroute of GPD that demonstrated best performance in the first two experiments are used.
Results
This subsection presents the main results obtained during our experiments. The impact on the total UAVs' travel time in the network, total UAVs' energy consumption as well as the number of path changes, network layer change and queuing/hovering counts is explored. All obtained results are presented in Figures 8-11 and summarised in Tables 2-5. Figures 8-11 present the impact in traffic performance by indicating the median, 25th and 75th percentile, while Tables 2-5 present the mean and standard deviation in the results after 30 runs of the probabilistic heuristics for every varied parameter over all traffic samples: for every T lim in LPG and for every p rerouting in GPD. Statistical confidence in our comparisons is assessed by performing Kruskal-Wallis test [69] for Experiments 1 and 2 respectively and by performing the Wilcoxon test [70] for Experiment 3. The overall best result per comparison parameter is shown in bold. Additionally, the dark grey background emphasises the best results that showed statistically significant difference with a 95% confidence.
Experiment 1: Impact of p rerouting on GPD Performance
In the first experiment we aim to study the impact of the decision probability p reroute on the performance of GPD, firstly, for traffic samples consisting of UAVs with the same minimisation objective, then with traffic samples with varying minimisation objectives. Three p reroute values are tested as indicated in Table 1 : 50%, 80% and 100%. It can be deduced from Table 2 and Figure 8 , of the first part of the experiment, that for the smaller traffic sample sizes of 10 and 50, GPD with p reroute 50% and 80% generally showed improvement over p reroute of 100% in total UAVs' travel time and energy consumption. Nevertheless, p reroute of 100% showed better performance when it came to total traffic path and layer changes for the same samples. However, since the main global objective is a scalable system, it is important to study the performance of the heuristic at larger sample sizes. While that is the case, GPD with p reroute of 100% outperforms the same heuristic with p reroute 50% and 80% for the larger traffic samples. Improvements can be observed with statistically significant difference across all the traffic performance indicators tested for traffic sample size 500 and 200, with exception of total UAVs' queue counts in the network for the latter.
A similar trend is observed in the second part of the experiment, presented in Table 3 and Figure 9 where UAVs have different minimisation objectives as explained in Section 5.1.
Compared to the first part, Table 3 and Figure 9 showed a significant improvement for the total UAVs' travel time and energy consumption for GPD with p reroute 100% for larger traffic samples, regardless of the individual minimisation objective of UAVs. (a) Impact on traffic time (b) Impact on traffic energy . Impact on mixed objective traffic performance by varying p reroute in GPD (50%, 80%, 100%).
Experiment 2: Impact of T lim on LPG Performance
Similar to Experiment 1 (Section 5.2.1), the impact on total UAVs' travel time and energy consumption in the network as well as the number of path changes, network layer change and queuing counts is explored as result of varying traffic threshold T lim of LPG between 0%, 50% and 80% of c max l . (c) Impact on path changes (d) Impact on layer changes Figure 10 . Impact on traffic performance by varying T l im in Local Pheromone Guided (LPG) (80%, 50%, 0%). Table 4 . Impact on traffic performance from varying traffic threshold in LPG (80%, 50%, 0%).
Traffic T lim Time Energy
caused a fast dispersion of UAVs across the network, which had a negative impact only for the smallest traffic sample. On the contrary, it led to an overall improvement in reducing total UAVs' travel time and energy consumption across for all other traffic samples.
Experiment 3: Performance Comparison of GOS, GPD and LPG
Finally, Experiment 3 aims to study the performance of the three heuristics (GOS, GPD, LPG) in a more realistic scenario as explained in Section 5.1 to address the assumptions made in the previous work in the literature [22] . Here each UAV has a different origin and destination pair as well as one of the two minimisation objectives (energy (1) or time (2)). Figure 11 and Table 5 present the obtained results when comparing the impact the three heuristics (GOS, GPD, LPG) have on traffic performance in a more realistic scenario. It can be observed that, with the exception for traffic sample 10, LPG results show improvement in total UAVs' travel time for all traffic samples, where the percentage of UAVs with the minimisation objective (2) (i.e., time) is 50%, 40%, 45%, 19.5%, 48.8%, 49% and 48.13% for every traffic sample size respectively. On the other hand, it is worth to mention that due to the selected parameters and the nature of GPD, encouraging UAVs to be more inclined to reduce layer changes, led to the significant difference in reduction of energy consumption in comparison to LPG for traffic samples 50-200. However, for the larger traffic samples, which are more decisive in the devised scenario, LPG outperforms GPD with significant difference across 4 of the 5 main parameters of comparison, with the exception of total number of layer changes, which can be explained by the nature of the heuristic LPG which encourages UAVs to explore vertical airways between layers as they offer a higher c max l . 10 50 
Conclusions and Future Work
IoT has catalysed and facilitated the development of new devices that are capable of interacting with our physical world, generating unprecedented amounts of information. One category that not only promise a new means of capturing information but also new means of overcoming limitations of IoT's existing infrastructure are UAVs. However, despite the significant advantages UAVs bring, as their number continues to grow, UAV deployment is faced with challenges in their safe operation and management. This emphasises the need for a new dedicated, distributed UAV traffic management system supported by regulations and international technical standards.
In this paper, we have extended our first contributions towards our envisioned distributed UTM by presenting a broader state of the art analysis as well as description of UAV communication. The work, firstly, described our model and structure of the low altitude, Class G, airspace and outlines key terminology and an operational scenario. Secondly, the paper contributed to existing literature by representing the airspace model as a multilayer network of nodes and airways. Finally the corresponding UTM optimisation problem has been defined and some first experimental results have been obtained using three traffic management heuristics. The results showed that for the larger traffic samples, the heuristic assuming local traffic knowledge, LPG, outperforms GOS and GPD across the main traffic performance indicators selected for the study.
Whilst the simulation included assumptions to simplify the challenging multifaceted problem, future work will focus on more realistic communication scenarios. We intend to investigate different communication protocols on traffic behaviour and explore more realistic communication metrics, given the challenging nature of flying ad-hoc networks. Finally, we intend to develop and evaluate different metaheuristic optimisation techniques for this challenging problem. Funding: This work is partially funded by the joint research programme UL/SnT-ILNAS on Digital Trust for Smart-ICT.
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